Abstract I examine the relationship across diseases between the long-run growth in the number of publications about a disease and the change in the mortality rate from the disease. The diseases analyzed are almost all the different forms of cancer, i.e. cancer at different sites in the body (lung, colon, breast, etc.). The National Cancer Institute publishes annual data on cancer incidence as well as on cancer mortality, by cancer site. Failure to control for the growth in incidence (which it is not feasible to do for non-cancer diseases) may bias estimates of the effect of publication growth towards zero, because growth in the number of publications is positively correlated across diseases with growth in incidence.
I. Introduction
Many people and organizations have expressed the view that biomedical research has yielded substantial improvements in longevity and health. Nabel (2009) said that "biomedical research provides the basis for progress in health and health care." Moses and Martin (2011) said that "since 1945, biomedical research has been viewed as the essential contributor to improving the health of individuals and populations, in both the developed and developing world. " Cutler, Deaton and Lleras-Muney (2006) "tentatively identif[ied] the application of scientific advance and technical progress (some of which is induced by income and facilitated by education) as the ultimate determinant of health." The Federation of American Societies for
Experimental Biology (2013) said that "research in the biomedical sciences has generated a wealth of new discoveries that are improving our health, extending our lives and raising our standard of living." The National Institutes of Health (NIH) said that "in the last 25 years, NIHsupported biomedical research has directly led to human health benefits that both extend lifespan and reduce illnesses" (NIH (2013a)). The Australian Government (2013) said that "the purpose of health and medical research (HMR) is to achieve better health for all Australians. Better health encompasses increased life expectancy, as well as social goals such as equity, affordability and quality of life."
The hypothesis that biomedical research has yielded substantial improvements in longevity and health has been examined using two kinds of evidence. The first type of evidence consists of qualitative "case studies" of specific diseases. NIH (2013b NIH ( , 2013c describes the impacts of its long-term efforts to understand, treat, and prevent chronic diseases (including cardiovascular disease, cancer, diabetes, depression), and how it has worked to combat infectious diseases such as HIV/AIDS and influenza by helping to develop new therapies, vaccines, diagnostic tests, and other technologies.
The second kind of evidence is indirect, (partially) econometric evidence. This evidence is indirect because it is based on evidence about two links in the following causal chain:
biomedical research  new drugs, devices, and procedures  longevity and health
Regarding the first link: the National Cancer Institute (NCI) says that "approximately one half of the chemotherapeutic drugs currently used by oncologists for cancer treatment were discovered and/or developed at NCI" (NCI (2013) For example, Lichtenberg (2011) analyzed the impact of new drugs and imaging procedures on longevity in the U.S. using longitudinal state-level data; Lichtenberg (2013a) analyzed the impact of new drugs on longevity in France using longitudinal disease-level data; and Lichtenberg (2013b) analyzed the impact of therapeutic procedure innovation on hospital patient longevity in Western Australia using patient-level data.
In this paper, I will use a different econometric approach to assess the impact that biomedical research has had on longevity: a direct examination of the relationship across diseases between the long-run growth in the number of research publications and the change in the mortality rate (in most cases controlling for the disease incidence rate). I hypothesize that the growth in the number of research publications about a disease is a useful indicator of the growth in knowledge about the disease. As the National Science Foundation (NSF) says, "Research produces new knowledge, products, or processes. Research publications reflect contributions to knowledge" (NSF (2013)). In his model of endogenous technological change, Romer (1990) hypothesized an aggregate production function such that an economy's output depends on the "stock of ideas" that have previously been developed, as well as on the economy's endowments of labor and capital. The mortality model that I will estimate may be considered a health production function, in which the mortality rate is an (inverse) indicator of health output or outcomes, and the cumulative number of publications is analogous to the stock of ideas.
Previous research on the agricultural and manufacturing sectors of the economy has found that counts of publications are useful indicators of the stock of knowledge. Evenson and Kislev (1973) used the publication of crop-specific scientific papers as a measure of agricultural research output in 75 wheat-and maize-growing countries to explain increases in yield per unit land in these crops over the period 1948-68. They observed a strong and persistent relationship between agricultural research and biological productivity-yield in wheat and maize. This relationship existed both "between" countries and "within" countries over time. Adams (1990) utilized article count data in each science as measures of knowledge in his analysis of productivity growth in two-digit manufacturing industries during the period 1949-83.
1 Fuchs (2010) The diseases we will analyze are almost all the different forms of cancer, i.e. cancer at different sites in the body (lung, colon, breast, etc.) . About one-fourth of U.S. deaths during the period 1999-2010 were due to cancer. The main reason we focus on cancer is that the NCI publishes annual data on cancer incidence 2 as well as on cancer mortality, by cancer site.
Incidence data aren't available for most other diseases. A less important reason is that the NCI uses a uniform cancer site classification scheme for data covering the entire period 1975-present.
There were significant changes in the disease classification scheme for other diseases between 1998 and 1999, when the system used to classify underlying cause of death was changed from the International Classification of Diseases (ICD) Ninth Revision to the ICD Tenth Revision. As the CDC (2013) notes, the two classification schemes are different enough to make direct comparisons of cause-of-death difficult.
In the next section, I will briefly describe the biomedical publications data I will use. In Section III, I develop the econometric model I will use to investigate the impact of contributions to knowledge (as measured by publication counts) on cancer mortality rates. Descriptive statistics will be presented in Section IV. Estimates of the econometric model will be presented in Section V. Section VI provides a summary and conclusions.
II. Biomedical publications data
Time-series data on the number of publications pertaining to each cancer site were obtained from PubMed, a database developed by the National Center for Biotechnology Information (NCBI) at the National Library of Medicine (NLM), one of the institutes of the National Institutes of Health (NIH). The database was designed to provide access to citations (with abstracts) from biomedical journals. PubMed's primary data resource is MEDLINE, the NLM's premier bibliographic database covering the fields of medicine, nursing, dentistry, veterinary medicine, the health care system, and the preclinical sciences, such as molecular Our ability to distinguish between publications indicating and not indicating any research funding support will allow us to test the hypothesis that an increase in the number of publications indicating any research funding support has a larger (more negative) effect on mortality than an increase in the number of publications not indicating any research funding support; the latter may even have no effect. In principle, our ability to also distinguish between publications indicating U.S. government and non-U.S. government funding support could also allow us to separately The median lag from project start to article publication is about six years. However, since this figure is based on right-censored data-articles that were or will be published after 2011 are excluded-six years should be considered a lower-bound estimate of the median lag from project start to article publication.
When former NIH Director Harold Varmus testified before Congress in 1998, he said that "the benefits of research are unpredictable…Although basic research projects initially may appear to be unrelated to any specific disease, findings from this research ultimately may prove to be a critical turning point in a long chain of discoveries leading to improved health" (Varmus (1998)). Determining whether or not a research project is applicable to a specific disease is therefore likely to be far easier six or more years after the project began (and articles are published) than it was when the project started.
III. Econometric model
Two types of statistics are often used to assess progress in the "war on cancer": survival rates and mortality rates. Survival rates are typically expressed as the proportion of patients alive at some point subsequent to the diagnosis of their cancer. For example, the observed 5-year survival rate is defined as follows:
5-year Survival Rate = Number of people diagnosed with cancer at time t alive at time t+5 / Number of people diagnosed with cancer at time t = 1 -(Number of people diagnosed with cancer at time t dead at time t+5 / Number of people diagnosed with cancer at time t) Hence, the survival rate is based on a conditional (upon previous diagnosis) mortality rate. The second type of statistic is the unconditional cancer mortality rate: the number of deaths, with cancer as the underlying cause of death, occurring during a year per 100,000 population.
The 5-year relative survival rate from cancer has increased steadily since the mid-1970s, from 49.1% for people diagnosed during 1975-1977 to 67.6% for people diagnosed during [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] . Although this increase suggests that there has been significant progress in the war against cancer, it might simply be a reflection of (increasing) lead-time bias. Lead time bias is the bias that occurs when two tests for a disease are compared, and one test (the new, experimental one) diagnoses the disease earlier, but there is no effect on the outcome of the disease--it may appear that the test prolonged survival, when in fact it only resulted in earlier diagnosis when compared to traditional methods. Welch et al (2000) argued that "improving 5-year survival over time…should not be taken as evidence of improved prevention, screening, or therapy." They argued that "while 5-year survival is a perfectly valid measure to compare cancer therapies in a randomized trial, comparisons of 5-year survival rates across time (or place) may be extremely misleading. If cancer patients in the past always had palpable tumors at the time of diagnosis while current cancer patients include those diagnosed with microscopic abnormalities, then 5-year survival would be expected to increase over time even if new screening and treatment strategies are ineffective. To avoid the problems introduced by changing patterns of diagnosis, observers have argued that progress against cancer be assessed using population-based mortality rates." Therefore, the dependent variable I will analyze will be the unconditional cancer mortality rate, rather than a variable based on the survival rate. The unconditional cancer mortality rate is essentially the unconditional probability of death from cancer (P(death from cancer)). The law of total probability implies the following: P(death from cancer) = P(death from cancer | cancer diagnosis) * P(cancer diagnosis) + P(death from cancer | no cancer diagnosis) * (1 -P(cancer diagnosis))
The probability of dying from cancer is much lower than the probability of being diagnosed with cancer: in 2006, the cancer incidence rate was 2.5 times as high as the cancer mortality rate.
8
This suggests that the probability that a person who has never been diagnosed with cancer dies from cancer is quite small: P(death from cancer | no cancer diagnosis) ≈ 0. In this case, eq. (1) reduces to P(death from cancer) ≈ P(death from cancer | cancer diagnosis) * P(cancer diagnosis)
Hence ln P(death from cancer) ≈ ln P(death from cancer | cancer diagnosis)
I hypothesize that the conditional mortality rate (P(death from cancer | cancer diagnosis))
is inversely related to the (current or lagged) stock of useful knowledge about cancer.
9
The stock of knowledge is not directly observable, but I also hypothesize that the cumulative number of scientific publications is a meaningful indicator of the stock of knowledge.
ln P(death from cancer | cancer diagnosis) =  ln(cum_pubs t-k )
Substituting (4) into (3), ln P(death from cancer) ≈  ln(cum_pubs t-k )+ ln P(cancer diagnosis)
To assess the impact of biomedical research on cancer mortality, I will estimate the following difference-in-differences version of eq. (5), based on longitudinal, cancer-site-level data on about 45 cancer sites:
mort_rate st = the age-adjusted mortality rate from cancer at site s (s = 1,…, 47) in year t (t=1995,…,2009) cum_pubs s,t-k = the number of PubMed articles published by the end of year t -k that were about cancer at site s inc_rate st = the age-adjusted incidence rate of cancer at site s in year t  s = a fixed effect for cancer site s  t = a fixed effect for year t
The fixed year effects control for time-varying factors that influence cancer mortality rates in general. 9 The stock of useful knowledge may also affect the probability of diagnosis. 10 Galiani et al (2005) used a difference-in-differences model to assess the impact of privatization of water services on child mortality in Argentina. They estimated their model using data classified by region and year, whereas the data I will use are classified by disease and year. Their "treatment variable" (whether water services were publicly or privately provided) was discrete, whereas my treatment variable (stocks of publications) are continuous.
I will estimate models based on eq. (6) using three alternative values of k: 0, 5, and 10.
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For concreteness, suppose that k = 10. Now, let's write specific versions of eq. (6) The cancer-site fixed effects that were included in the "within" model (eq. (6)) are no longer present in the "long-difference" model (eq. (10)); the intercept of eq. (10) is the difference between the initial-and end-year year fixed effects. In this simple model, the long-run growth of the age-adjusted cancer mortality rate depends on the long-run growth of the (lagged) cumulative number of publications, the long-run growth of the age-adjusted cancer incidence rate, and a constant.
Eq. (10) can easily be generalized to allow for two or three different stocks of publications:
 ln(mort_rate s ) =  RESEARCH_US_GOV ln(cum_US_gov_research_pubs s )
where cum_research_pubs s,t-k = the number of PubMed articles indicating any research funding support published by the end of year t-k that were about cancer at site s cum_non_research_pubs s,t-k = the number of PubMed articles not indicating any research funding support published by the end of year t-k that were about cancer at site s cum_US_gov_research_pubs s,t-k = the number of PubMed articles indicating US government research funding support published by the end of year t-k that were about cancer at site s cum_other_research_pubs s,t-k = the number of PubMed articles indicating non-US government research funding support published by the end of year t-k that were about cancer at site s I will estimate eqs. 10-12 for three different values of k (0, 5, and 10). These equations will be estimated via weighted least-squares, weighting by the mean mortality rate of cancer site s during the period 1985-2009. Since the dependent variable is the log of the mortality rate, I am analyzing percentage changes in the mortality rate. As shown in Figure 5 , the data exhibit heteroskedasticity: cancer sites with low average mortality rates exhibit much larger positive and negative percentage changes in mortality rates than cancer sites with high average mortality rates. Weighted least squares is appropriate in the presence of heteroskedasticity.
IV. Descriptive statistics
Data on age-adjusted incidence and mortality rates were obtained from SEER Cancer
Query Systems (National Cancer Institute (2013b) The second largest cancer (ranked by mean mortality rate) was colon cancer. The incidence and mortality rates of colon cancer declined about twice as much as the incidence and mortality rates of lung cancer: by 23% and 34%, respectively. But lagged cum_pubs and cum_research_pubs increased more slowly for colon cancer than they did for lung cancer: by 77% and 139%, respectively.
The third largest cancer (ranked by mean mortality rate) was breast cancer. The breast cancer incidence rate declined just 4%, while the breast cancer mortality rate declined by 29%.
Lagged cum_pubs and cum_research_pubs increased more for breast cancer than they did for lung cancer: by 144% and 294%, respectively.
Weighted means, standard deviations, and correlation coefficients across 47 cancer sites of 1995-2009 growth in mortality, incidence, and cumulative number of publications 10 years earlier are shown in Table 2 . Observations are weighted by mean mortality rate. The weighted mean declines in mortality and incidence are consistent with the data shown in Figure 6 . The mean log change in publications acknowledging research funding (cum_research_pubs) was almost twice as large as the mean log change in total publications (cum_pubs); this is at least partly due to the fact that only articles published after 1974 include information about research funding. The mean log change in publications acknowledging non-U.S. government research funding (cum_other_research_pubs) was 81% larger than the mean log change in publications acknowledging U.S. government research funding (cum_gov_research_pubs). This is consistent with data compiled by Research!America, which indicate that the Federal government's share of U.S. biomedical R&D has been declining; it fell from 34% in 2002 to 29% in 2011.
As shown in the first row of correlation coefficients in Table 2 , there is a significant positive correlation across cancer sites between the growth in incidence and the growth in 12 Age-adjusted mortality and incidence rates and PubMed publication counts for the other 29 cancer sites not included in Table 1 are shown in Appendix Table 1. mortality: cancer sites with larger declines in incidence had larger declines in mortality. The correlation between mortality growth and growth in non-research publications is insignificant, but the correlations between mortality growth and growth in cum_research_pubs, cum_gov_research_pubs, and cum_other_research_pubs are negative and significant. The correlation between the growth of government and other research publications is quite high (r = 0.856), suggesting that disentangling the effects of the two kinds of research funding on mortality may be difficult.
V. Estimates of models of 1995-2009 growth of the age-adjusted cancer mortality rate
Weighted least-squares estimates of models of 1995-2009 growth of the age-adjusted cancer mortality rate (eqs. 10-12) are shown in Table 3 . The equations were estimated using three alternative assumed values of the lag (k) from cumulative publications to the mortality rate: 0, 5, and 10 years. k = 0 in models 1-5; k = 5 in models 6-10; and k = 10 in models 11-15.
Model 1 is a simple regression of the growth in the mortality rate on the growth in cum_pubs, i.e. the growth in the incidence rate is excluded. The coefficient on the growth in cum_pubs is insignificant. Model 2 includes the growth in the incidence rate as well as the growth in cum_pubs. In this model, the coefficient on the growth in cum_pubs is negative and highly significant (and the coefficient on the growth in the incidence rate () is positive and significant). This indicates that failure to control for the growth in incidence (which it is not feasible to do for non-cancer diseases) may bias estimates of the coefficient on the growth in cum_pubs () towards zero, because growth in the number of publications is positively correlated across diseases with growth in incidence.
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In model 3, the growth in cum_pubs is replaced by the growth in cum_research_pubs. The coefficient on the growth in cum_research_pubs is also negative and highly significant. However, when we control (in model 4) for the growth in cum_non_research_pubs, the estimate of  RESEARCH is only marginally significant (p-value = 0.092).
14 Model 5 is an estimate of eq. (12), in which cum_research_pubs 13 The coefficient on incidence growth is positive, but (contrary to eq. (5) above) significantly less than one: a 10% rise in incidence is associated with a 7.3% rise in mortality. This may be at least partly due to the fact that measured incidence is a noisy indicator of true incidence, e.g. due to changing patterns of diagnosis and a changing degree of lead-time bias. 14 As shown in Table 2 , the correlation across cancer sites between growth in cum_ research_pubs and growth in cum_non_research_pubs is quite high (0.647).
is disaggregated into cum_gov_research_pubs and cum_other_research_pubs. Neither  RESEARCH_US_GOV nor  RESEARCH_OTHER is significant, which is not surprising given the high correlation across cancer sites between the growth of government and other research publications.
Models 6-10 are identical to models 1-5, except the assumed lag from cumulative publications to the mortality rate is five years rather than zero years. The estimates of models 6-8 are similar to the estimates of models 1-3, but the contrast between models 9 and 4 (which include both cum_research_pubs and cum_non_research_pubs) is interesting. Although  RESEARCH is only marginally significant (p-value = 0.092) in model 4, it is highly significant (pvalue = 0.012) in model 9. This means that although the mortality rate is only weakly inversely related to the contemporaneous stock of publications that had received research funding (controlling for the contemporaneous stock of publications that had not received research funding), it is strongly inversely related to the stock of publications that had received research funding 5 years earlier. Moreover, the magnitude of the point estimate of  RESEARCH is 46% larger in model 9 than it is model 4.
In models 11-15, the assumed lag from cumulative publications to the mortality rate is ten years. As shown in Figure 7 , the magnitude of the point estimate of  RESEARCH in model 14 is 14% larger than it is in model 9, and 66% larger than it is in model 4. where we assume a 10-year lag from cumulative publications to the mortality rate.
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The figure suggests that the strong inverse correlation between mortality growth and growth in the lagged number of publications that were supported by research funding is not being driven by a small number of outliers. If we exclude lung cancer, which receives the greatest weight by far, from the sample, the estimate of  RESEARCH in model 13 hardly changes:  RESEARCH = -0.285 (T = -3.22;
p-value = 0.003).
15 Figure 8 is a partial regression plot of model 13 in Table 3 .
The magnitude of  RESEARCH in model 13 is quite large. As shown in Table 2 , the weighted mean value of ln(cum_research_pubs s ) is 1.538. The average annual rate of increase in lagged cum_research_pubs during 1995-2009 was 11.0% (= 1.538 / 14). Model 13 implies that, during the period 1995-2009, the growth in the lagged number of publications that were supported by research funding reduced the age-adjusted cancer mortality rate by 3.5% (= -0.319 * 11.0%) per year. During that period, the age-adjusted cancer mortality rate declined at an average annual rate of 1.5%.
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This means that, in the absence of any growth in the lagged number of publications that were supported by research funding, the age-adjusted cancer mortality rate would have increased at an average annual rate of 2.0%. However, since there was such rapid growth in the number of publications, estimating what would have happened in the absence of any growth requires substantial out-of-sample prediction, which is certainly subject to great uncertainty.
VI. Summary and conclusions
Previous research on the agricultural and manufacturing sectors of the economy has found that counts of publications are useful indicators of the stock of knowledge: they are strongly positively correlated with productivity. In this paper, I have examined the relationship across diseases between the long-run growth in the number of publications about a disease and the change in the mortality rate from the disease.
The diseases I analyzed are almost all the different forms of cancer, i.e. cancer at different sites in the body (lung, colon, breast, etc.). About one-fourth of U.S. deaths during the period 1999-2010 were due to cancer. The main reason I focused on cancer is that the National Cancer Institute publishes annual data on cancer incidence as well as on cancer mortality, by cancer site. Failure to control for the growth in incidence (which it is not feasible to do for noncancer diseases) may bias estimates of the effect of publication growth towards zero, because growth in the number of publications is positively correlated across diseases with growth in incidence.
16 Eq. (13) implies that declining incidence accounted for about 1/6 of the decline in mortality.
Time-series data on the number of publications pertaining to each cancer site were obtained from PubMed. For articles published since 1975, it is possible to distinguish between publications indicating and not indicating any research funding support.
My estimates indicated that mortality rates: (1) are unrelated to the (current or lagged) stock of publications that had not received research funding; (2) are only weakly inversely related to the contemporaneous stock of published articles that received research funding; and (3) are strongly inversely related to the stock of articles that had received research funding and been published 5 and 10 years earlier. The effect after 10 years is 66% larger than the contemporaneous effect. The strong inverse correlation between mortality growth and growth in the lagged number of publications that were supported by research funding is not driven by a small number of outliers.
Research!America (2013) Table 3 Weighted least-squares estimates of models of 1995-2009 growth of the age-adjusted cancer mortality rate (eqs. 10-12) 
